may be insufficient for umbrella branding to generate savings in marketing costs and enhance marketing productivity over time. To increase savings in marketing costs over time, the marketing mix, such as advertising and sales promotions, must be more effective for umbrella brands than for other brands. For example, Tauber (1981) suggests that umbrella branding can create advertising efficiencies. Leigh (1984) finds some experimental evidence for better recall and recognition performance for umbrella branding than other branding strategies. Yet there is surprisingly little empirical work on advertising and/or any other marketingmix synergies for umbrella brands.
The objectives of this study are twofold. First, we test for marketing-mix strategy spillover effects of umbrella brands in frequently purchased packaged product categories. We are especially interested in testing for own-and cross-effects of advertising, that is, whether advertising in one product category affects sales in another product category for umbrella brands. However, we investigate the crosscategory effects of all marketing-mix effects, including price, coupon availability, display, and feature. Another related objective is to shed some light on the magnitude of any effects that may exist. We seek to answer the following questions: (1) What is the impact of the cross-effects on sales? (2) How large are the cross-effects of the marketing mix elements in relation to the own-effects? and (3) Which marketing-mix elements seem to reveal higher crosseffects?
Second, we explore the dynamics behind the advertising spillover effects. Similar to use experience, advertising spillover effects occur for various reasons, but they may also transpire because of the uncertainty reduction. More specifically, we examine whether there is a reduction in consumer uncertainty in one category due to advertising of the 40() umbrella brand in another category over time. If uncertainty exists and advertising reduces consumer uncertainty about products, advertising is expected to shift both utility mean and variance. To model and test for both utility mean-and utility variance-shifting cross-effects of use experience and advertising, we develop a novel and parsimonious approach. Our approach enables us to test whether there is any evidence for the uncertainty-reducing role of advertising across categories.
We use ACNielsen scanner panel data on two categories-toothpaste and toothbrushes-to test for marketingmix synergies for umbrella brands. For the first time in the literature, on the basis of our analysis of revealed preference data, we find evidence for advertising spillover effects for umbrella brands. Furthermore, we find that advertising (as well as use experience) in one category serves as a mechanism of reducing uncertainty in the other category for umbrella brands. In addition, our results indicate that there are spillover effects of price, coupon availability, and display. Feature cross-effects exist only in the toothbrush category.
The rest of the article is organized as follows: In the first section, we briefly discuss the relevant literature. In the second section, we outline the proposed model and the estimation method. In the third section, we briefly describe the data. We then outline the results and conclude the article with implications and a discussion of further research.
LITERATURE REVIEW
Previous research in marketing has studied the effects of sales promotions across categories for complementary and substitute products (e.g., Mulhern and Leone 1991) and multicategory choices (e.g., Bell and Lattin 1998; Manchanda, Ansari, and Gupta 1999). A separate stream of literature focuses on cross-category traits of consumer behavior and finds that consumer price sensitivities (Ainslie and Rossi 1998; Erdem 1998) or sensitivities to state dependence (Erdem 1998; Seetharaman, Ainslie, and Chintagunta 1999) can be correlated across categories.
However, there is surprisingly little published research with respect to cross-category effects in choice for umbrella brands. Erdem and Winer (1999) have shown that brand preferences can be correlated across categories for umbrella brands. Erdem (1998) has studied how consumers' experience in one category may affect their quality perceptions in another category for umbrella brands. In a two-category context, Erdem has shown that consumer mean quality beliefs, as well as the variance of these quality beliefs, may be updated through experience in either category for umbrella brands. Thus, Erdem studied only cross-category use experience effects.
Specifically, Erdem (1998) does not study any promotion or advertising effects, neither own-category nor crosscategory, which is the topic of this article. Therefore, she does not study and answer any questions about the existence and magnitude of cross-advertising and promotion effects for umbrella brands. Furthermore, her model does not incorporate purchase incidence and coincidence in choice, that is, the possibility that the stochastic component of the utility function could be correlated across categories. In addition, Erdem's approach only allows for use experience effects due to learning, whereas the approach we take in this article allows for both learning effects and other sources through which use experience may affect current choices. Furthermore, the approach Erdem takes to incorporate the impact of use experience on utility variance is difficult to apply to settings in which cross-category variance reduction effects can be due to other variables as well (such as advertising). The approach taken in this article provides a more parsimonious and novel way to incorporate such effects. Finally, we allow for more complex heterogeneity structures in this article than Erdem does.
Manchanda, Ansari, and Gupta (2000) also find some preliminary evidence for spillover effects in store promotional activity for umbrella brands; however, they have not analyzed advertising and they have not allowed for choice dynamics.
THE MODEL Utility Specification
Consider a set of consumers I = {ili = 1, 2, ..., I that, on each purchase occasion, makes purchases from none, one, or both of two distinct product categories m = 1, 2, where I is the number of consumers. A nonempty subset, but not necessarily all, of these consumers makes purchases from both of the categories. Suppose that for both product categories, the purchases of the consumers are observed over the period T = tit = 1, 2, ..., T}, where T is the time span of the period and t denotes the week. Let J = (jlj = 1, 2, ... J} be the set of brand options available, where j = 1 ..., J brands are available in at least one of the two categories and J is the number of brands. Note that we set j = 0 to indicate the nopurchase option (choice).
Let Knj, m = 1, 2, be an indicator variable such that K,-j = I if brand j is available in category m, and K,n. = 0 otherwise. Also let Dmijt, m = 1, 2, be an indicator variable such that if consumer i purchases brand j at time t in category m, D,iji = 1, and D,,jt = 0 otherwise. Finally, denote the utility consumer i derives from purchasing brand j in category m at time (week) t by Uijt, which is postulated to be where PR,,ijt is the price paid for brand j in category m by consumer i at t, AD,n,jt is the advertising stock variable for consumer i with respect to brand j in category m at t, DISP,nijt is the display dummy, FEAT,nit is the in-store ad dummy, CAV,ijt is the coupon availability variable, and UE,nijt is the use experience of brand j in category m consumer i has at t. Equation 1 suggests that if brand j is available in both categories, the utility of purchasing brand j in one of the categories will also depend on the price, coupon availability, advertising, display, feature, and use experience associated with the same brand name in the other category.
INote that in Equation I, cross-effects are specified for umbrella brands only. In the empirical analysis, to ensure that the effects exist for only umbrella, we also tested whether such effects exist for other brands as well, and we did not find evidence for such effects. We define the DISP variable such that DISP,nij, = I if a display is available for brand j in category m in the store that consumer i visits at t, whereas DISP,,ijt = 0 otherwise. Similarly, we define the FEAT variable such that FEAT,ijt = 1 if a feature is available for brand j in category m in the store that consumer i visits at t, whereas FEAT,nijt = 0 otherwise. Finally, CAV,,ijt is the average value of the store's and man2Similar to Erdem and Keane (1996) , our purpose is to control for purchase incidence rather than explicitly model purchase incidence decisions. 3An alternative to GRP data is television exposure data; however, television exposure data are not available because ACNielsen discontinued the collection of such data in the early 1990s. Television exposure data have the advantage of having the estimated advertising coefficient reflect advertising responsiveness only because the advertising variable itself will capture the television/commercial viewing habits. However, the television exposure data are noisy as well, because we only knew that the television was tuned to that channel during the airing of a particular commercial. One advantage of the GRP data, in contrast, is that GRP is under the direct control of the firm whereas television exposure is not. Therefore, firms are more interested in models that use GRP data (Abe 1997 We should note that the cross-effects specified in Equation 1 may exist for several reasons. First, price cuts, coupons, advertising, displays, and features in one category may remind the consumer about the umbrella brand and therefore increase the likelihood of their choosing that brand in another category, conditional on product category decision. In the case of promotional tools such as displays, the promotion of the umbrella brand in one category may help promote the umbrella brand in consumers' consideration sets in the second category, in which the brand is not promoted, as well. Advertising can be expected to increase general brand awareness of individual products that share the same brand name. Cross-category use experience effects may be due to habit formation.
Second, the effects of use experience and advertising on consumer uncertainty may cause use experience and advertising spillover effects. If use experience affects quality beliefs, both the mean and variance of these beliefs may change on the basis of use experience. Therefore, if use experience affects consumer uncertainty, we should expect it to affect both the utility mean and variance in a reducedform model. The same rationale holds for advertising. Erdem and Keane (1996) have shown that in the context of one category, both use experience and advertising affect both mean and variance of quality perceptions. Therefore, if advertising spillover effects are partly due to the effect of advertising on consumer uncertainty, we should expect utility variance (that is, the variance of the random component of utility) to decline over time on the basis o' advertising.
We capture these utility variance effects by adopting a novel approach. Specifically, we allow for not only the "random" components of utility to be correlated across categories but also the variances of the random components for umbrella brands to be updated on the basis of past purchases and advertising associated with umbrella brands in either category. We cover this issue in more detail subsequently. It may suffice to state that we attempt to capture the effect of use experience and advertising as a shifter of both utility mean and variance; the latter effect should occur mainly because the consumer uncertainty decreases over time on the basis of past purchases and advertising.
Heterogeneity Specification
It is well established that not accounting for unobserved heterogeneity can bias parameter estimates (Heckman 198 1; Rossi and Allenby 1993). In this article, we account for unobserved heterogeneity as well. To do so, we assume that brand preferences for each category A,mi = (a,n,i, aii2, .. 
Within-Category Correlations
Given the large number of covariances to be estimated as shown in Equation 4, we allow only a subset of these covariances to be nonzero for parsimony.5 We allow heterogeneity in all brand-specific constants and allow own and cross marketing-mix response and use experience coefficients; however, we estimate and report in the "Results" section of the article only the following covariances (correlations) among the heterogeneity distributions: (I) correlations among the brand specific constants and price (as well as advertising) sensitivities, (2) pairwise correlations between own price (and advertising) sensitivities and all other marketing-mix sensitivities (e.g., display), and (3) pairwise correlations between own price (and advertising) sensitivities and use experience.
Cross-Category Correlations
Ainslie and Rossi (1998) suggest that consumer sensitivities to marketing variables (own-effects of the marketing mix in our model) may be correlated across categories. Therefore, a person who is more price sensitive than the average consumer in one category can be also more price sensitive than the average consumer in another category. Therefore, we also estimate nBI B2 (the covariance matrix of Bl and B2). This means that we permit consumer price, advertising, display, feature, coupon, and use experience sensitivities to covary across the two categories. For example, a consumer who is more advertising sensitive than the average consumer in the toothbrush category may also tend sHowever, in the empirical analysis, we tested the sensitivity of our results to the assumptions made about covariance structure by allowing more covariances (correlations) to be nonzero. For example, we estimated the covariances between brand-specific constants, a few covariances among the cross-response coefficients, and so forth, but these did not improve the model fit significantly and did not change the parameter estimiates. where Vmijt is the "deterministic" part of the utility. Let 0 denote the vector of parameters (Al, A2, BI, B2, Cl,
C2, d(ZAI), d(EA2), d(ZBI), d(IB2), d(ECI), d(IC2), w(n))T. The vectors d(EAI), d(AA2), d(ECI), and d(IC2)
contain the diagonal elements of the corresponding matrices (i.e., the variances of the heterogeneity distributions of brand preferences and cross-effects response coefficients). The vectors d(EBi) and d(EB2) contain the diagonal elements (variances of own-effects response coefficients) of the corresponding matrices, as well as the off-diagonal elements, or covariances, that we allowed to be nonzero. Finally, the vector w(n) contains the covariances among the brand-specific constants and advertising and price sensitivities, as well as cross-category covariances to be estimated. Note that though we used the covariance matrices in defining the parameter vector for notational convenience, we estimate the corresponding standard deviations and correlations introduced previously, instead of the variances and covariances.
Recall that all coefficients in Equation I are allowed to be heterogeneous across consumers, and their distributions are given in Equation 4. Let (pi denote the multivariate standard normal vector that generates these coefficients. To be able to write down the choice probabilities, we need to specify a distribution for Emijt We assume that ?,mijt j e J is given by Note that Et[.] indicates expectation conditional on the information at time t. Equations 6 and 7 indicate that the means of the random components are always zero, whereas the assumption is that the initial variances are one and the initial covariance between the random components is p.
A parsimonious and new way of capturing the utility variance-shifting role of use experience and advertising is to allow the initial utility variance, which we set to unity, to be updated conditional on past purchases. Neither advertising's 6Finally, note that we adopt the recent classical inference techniques to model and estimate unobserved heterogeneity. An alternative approach would have been Bayesian techniques (e.g., Rossi, McCulloch, and Allenby 1996). However, the main advantage of such techniques is the ability to provide household-level parameter estimates, which is particularly useful if the research objective includes micromarketing implications, which is beyond the scope of this article. where Q2 is the domain of the integration, whereas f((p10) is the multinomial probability distribution function for pi, conditional on 0. Thus, we estimate a multivariate multinomial probit model, which has been adopted in some recent articles in marketing as well (e.g., Manchanda, Ansari, and Gupta 1999). This model allows random components to be correlated across the m categories, which Manchanda, Ansari, and Gupta label as "co-incidence." Thus, factors that are unobserved by the analyst but known by the consumer could be correlated across categories. However, for the first time in the economics and marketing literature, we also incorporate into this model a process by which the variance of the random component (as well as the covariance of this component across the m categories) is updated over time, on the basis of past purchases of the consumers and past advertisement. The extent of the updating is determined by l/o'1n in the case of use experience and by 1/o', in the case of adver-tising; that is, the more precise the information source is, the more updating there will be.
Given Keane (1990) .
EMPIRICAL ANALYSIS

Data
The models are estimated on scanner panel data provided by ACNielsen for toothpaste and toothbrushes. Given new product feature introductions and the existence of long-term experience attributes (e.g., cavity-fighting power of a toothpaste), quality uncertainty may exist even in the relatively mature product categories typically studied in scanner panel research (Erdem and Keane 1996) . Also note that because most frequently purchased product categories are not highinvolvement goods, consumers typically rely more on brand names and advertising than on active search to resolve any quality uncertainty.
The panels cover 157 weeks from the end of 1991 to the end of 1994. The data sets include households from two test markets in Chicago and Atlanta. We use the Chicago panel for model calibration. We use the Atlanta panel to assess out-of-sample fit (i.e., the predictive validity of the models). The analysis includes four brands in each category. In both the calibration (Chicago) and the prediction (Atlanta) panel, we randomly draw the panel members from the sample of households that do not buy multiple brands in a given category on the same purchase occasion.
The first two brands (Brand 1 and Brand 2) are available in both categories. Table I provides summary statistics. The weekly GRPs are plotted in Figure 1 . The price used in the study is the price paid without any coupons. Using a price value net of coupons introduces a serious endogeneity problem; therefore, we model coupon effects by using the coupon availability measure we have defined previously.
Parameter Estimates and Goodness of Fit
We estimated the model described previously and various nested models. Table 2 reports the results for five nested models and the full model. The sixth nested model has the multivariate probit specification with correlated errors and allows for updating errors on the basis of past purchases but does not allow the errors to be updated on the basis of past advertising. The fourth nested model (NM4) has the multivariate multinomial probit specification with correlated errors across the categories but does not allow for updating errors on the basis of purchases and advertising. The third nested model (NM3) allows for neither updating nor correlated errors across the two categories. The second nested model (NM2) is similar to NM3 but does not allow for use experience, price, coupon availability, advertising, display, and feature in one category to affect the utility of the other category. Finally, the first nested model (NM ) is similar to NM2 except that heterogeneity distributions are assumed to be independent across the two categories. Both in-sample and out-of-sample, the full model fits the data statistically better than all other nested models. Therefore, we focus on the parameter estimates obtained by estimating the full model.
In a given category, the results indicate that coupon availability, advertising, displays, features, and use experience all have significant, positive effects on consumer utility, whereas price has the expected negative effect. There is significant heterogeneity in consumer tastes and responses to use experience and marketing-mix variables. The time trend in the no-purchase specification is statistically insignificant.
Given the objectives of this article, the important parameter estimates are associated with the cross-effects of marketing-mix variables (and use experience), as well as the cross-category parameters that govern the process of updating the utility error term variance over time through use experience and advertising. These parameter estimates are marked in bold in Table 3 .
We find that use experience in one category has a positive impact on brand choice probabilities in the other category for umbrella brands. We also find statistically significant cross-category effects of advertising in both categories. Furthermore, we find evidence that coupon availability and display (significant at the p <. 10 level) in the toothbrush category affects consumer utility in toothpaste positively for umbrella brands. Coupon availability, display, and feature in the toothpaste category affect consumer utility in the toothbrush category positively as well. Finally, prices have negative cross-category effects in both categories. Therefore, a price cut in one category for an umbrella brand increases consumer utilities and thus the choice probabilities for that brand in the other category.
Turning our attention to the random component of the consumer utility and the process of utility variance updating based on use experience and advertising, we find the following results: Random components are correlated across the two categories. Recall that we estimated an initial correlation between the random components, which we find to be positive and significant. However, our results indicate that both osa and oln are statistically significant in both categories. Therefore, depending on the degree of the precision of information (i.e., 1/o,Sm or I/oG,n), the variance and covariance o' random components across the two categories are updated with use experience and advertising. This result aToothpaste brands are I, 2, 3, and 4, and toothbrush brands are 1, 2, 5, and 6. hNo-purchase option constant is set to zero for identification purposes. Notes: Figures in boldface indicate parameter estimates associated with the cross-effects of marketing-mix variables and the cross-category paramleters that govern the process of updating the utility error term variance over time.
confirms the finding in the literature that use experience may reduce uncertainty across categories for umbrella brands (Erdem 1998 ) and establishes the new result that advertising decreases consumer uncertainty across product categories for umbrella brands as well.
Note also that the precision of use experience information is found to be higher than that of advertising in both categories, which is an intuitive result because use experience should provide less noisy information than advertising does in most cases. Also, the ratio of advertising variability to use experience variability is higher for toothpaste than toothbrushes; that is, although advertising provides more noisy information than does use experience in both categories, the relative noisiness of advertising information is greater for toothpaste than toothbrushes.
Finally, we estimated several within-category as well as across-category correlations, as discussed in the previous section. Not all the correlations between brand constants and price (advertising) responses are statistically significant. The statistically significant estimates suggest that in the toothpaste (toothbrush) category, consumers who like Brand I (Brand 2) more than the average consumer tend to be less price sensitive than the average consumer. The reverse is true for Brand 4. Therefore, the correlation between brand specific constants and price sensitivity is positive for some brands and negative for others. The estimates also suggest that consumers who like Brands 1, 2, and 3 in toothpaste and Brands 1 and 2 in toothbrushes more than the average consumer tend to be more advertising sensitive than the average consumer. Finally, in both categories, there are statistically significant correlations of price sensitivity with advertising, display, feature, and use experience sensitivities. Advertising and feature sensitivities and advertising and display sensitivities are significantly correlated in both categories as well. Advertising and coupon availability sensitivities, as well as advertising and use experience sensitivities, are significantly correlated only in the toothpaste category.
Given the signs of the parameter estimates, these combined results indicate that in the two categories we study, there seems to be an individual-specific trait we call "marketing-mix sensitivity" (i.e., some consumers are in general more sensitive to marketing-mix strategies). Indeed, similar results have been found in other recent work as well (Arora 2000) . The only result that seems somewhat surprising is the negative sign of the correlation between use experience and price sensitivities. Although these correlation terms do not necessarily imply any causal links, we might still have expected the reverse result to hold. This is because high use experience involves positive purchase feedback, and consumers who are sensitive to this may be expected to be less price sensitive (Seetharaman, Ainslie, and Chintagunta 1999). However, note that the estimate we obtain is not necessarily counterintuitive. This is because more use experience-sensitive people may have utility farther out in the tail of the distribution and may need a larger price coefficient to have the same price elasticity. This would be consistent with high sensitivity to use experience being associated with high price sensitivity. Another explanation for the result is that consumers with higher sensitivity to use experience may have smaller consideration sets (Rajendran and Tellis 1994); this may increase the ability of use experiencesensitive consumers to make price comparisons, which may result in higher price sensitivities in these two categories, ceteris paribus. Finally, we also find that consumer price, advertising, and use experience sensitivities are correlated across the two categories we study.
Policy Simulations
To evaluate the impact of temporary policy changes (i.e., a change in one of the marketing-mix elements in the second week) in each category, we ran the following simulations separately for Brand I and Brand 2: a 20% increase in (1) coupon availability, (2) advertising, (3) displays, and (4) features and (5) a 20% decrease in price. We report only the impact of the policy change on the cumulative purchases. The impact of the temporary change on cumulative sales can be conceptualized as the long-term effect of these temporary policy changes. In regard to the short-term effects of a temporary policy change (i.e., the impact of a policy change in the beginning of the second week on sales in that week), it may suffice to indicate that the short-term effects are larger. It is also worthwhile to note that we found the long-term effects to be larger than the short-term effects in advertising. Table 4 reports the results for the respective temporary policy changes adopted by Brand I in toothpaste and toothbrushes separately. Table 5 The results on spillover effects (cross-effects) can be summarized as follows: Overall, coupons and then advertising have the largest cross-effects on sales in both categories except for Brand 2 in the toothpaste category, for which features (more so than any other marketing-mix element in the toothpaste category) affect sales the most in the toothbrush category, followed by coupons and advertising. In most cases, the smallest cross-effects are the price cross-effects. The cross-effects of coupon availability on sales range from 5% to 13% across product categories and across Brand I and Brand 2. The advertising cross-effects range fi-om 40% to 8%. The display cross-effects range from 3% to 7%. Similarly, the feature cross-effects in toothbrush (the impact of a change in the display activity in toothpaste on toothbrush sales) are 5% for both Brands I and 2. Finally, price crosseffects range from 3% to 6% as well in both categories.
The simulation results for a temporary policy change by Brand I (Brand 2) in the toothbrush category suggest that as a percentage of the own-effects, cross-effects on Brand I's (Brand 2's) toothpaste sales are 27%, 54%, 30%, and 28% (23%, 61%, 43%, and 64%) for price, coupon availability, advertising, and display, respectively. Thus, in the toothpaste ctor category, coupon availability and then advertising have the largest cross-effects as a percentage of own-effects for Brand I, and displays and coupons have the largest crosseffects as a percentage of own-effects for Brand 2. The simulation results for a temporary policy change by Brand I (Brand 2) in the toothpaste category suggest that as a percentage of the own-effects, cross-effects on Brand I's (Brand 2's) toothbrush sales are 19%, 40%, 32%, 24%, and 21% (16%, 61%, 43%, 64%, and 29%) for price, coupon availability, advertising, display, and feature, respectively. Thus, in the toothbrush category, as in the toothpaste category, cross-effects as a percentage of own-effects are largest for coupons and advertising for Brand 1. For Brand 2, in the toothbrush category, cross-effects as a percentage of owneffects are largest for features, because of a policy change in the toothpaste category, followed by coupons and advertising. In contrast, in the toothpaste category these effects are largest for display and coupons, followed by advertising. As these numbers show, as a percentage of own-effects, crosseffects are substantial for all marketing-mix elements.
MANAGERIAL IMPLICATIONS, CONCLUSIONS, AND
FURTHER RESEARCH We tested for the spillover effects of advertising and other marketing-mix/sales promotion strategies (price, coupon, display, and feature) in umbrella branding on scanner panel data. We found that advertising spillover effects, along with the use experience spillover effects, affect both utility mean and variance. The latter effect provides evidence for the uncertainty-reducing role of advertising (along with use experience) across categories for umbrella brands. To capture the variance effect in a parsimonious way, for the first time in the literature, we estimated a multivariate multinomial probit model, in which the variances and covariances of random components of utilities across categories were updated on the basis of use experience and advertising.
Although there were some differences across categories and brands, marketing-mix spillover effects were largest for coupon availability, generally followed by advertising. The relatively large coupon effects, as well as advertising effects, can be explained by various behavioral phenomena related to brand equity; for example, couponing or advertising by an umbrella brand may increase consumer awareness of prod- ucts that share the same umbrella brand (Aaker 1991) and may strengthen the brand image (Keller 1993) . Given that clipping the coupons and using them requires more cognitive elaboration on the part of consumers, such cross-effects may even be larger for coupons than for advertising, as our results indicate.
We also found that advertising (as well as use experience) shifts both utility mean and variance across categories. Thus, we found that the variance of the random component of utility in each category declined as a result of advertising (and use experience) in either category over time. The crosscategory effects of advertising on the utility mean may be due to the factors discussed previously, such as awareness, as well as advertising's effect of increasing quality beliefs under uncertainty. However, the effect of advertising on utility variance is evidence for learning due to advertising under uncertainty (the variance of quality beliefs is decreasing over time because of advertising). Thus, we find evidence for the uncertainty-reducing role of advertising across categories, which gives rise to advertising spillover effects, though the effects on mean utility may be a combination of different impacts (related or not related to uncertainty).
Our empirical results obtained from the analysis of revealed preference data have several other managerial implications. First, the results confirm the expectation that umbrella branding generates savings in brand development and marketing costs over time and enhances marketing productivity. These results call for integrated marketing communications across products that share the same brand name. Work on brand equity suggests this for advertising, but our results suggest that the need for integration exists for all the marketing-mix elements, including sales promotions and especially couponing strategies, given the relatively large cross-couponing effects we found. Second, our results imply that there are some asymmetries across product categories and across brands. For example, for Brand 2, featuring toothpaste will have the largest cross-effects on toothbrush sales, whereas displaying the toothbrush product (or giving a coupon for it) will have the largest cross-effects on toothpaste sales, ceteris paribus. Furthermore, as a percentage of own-effects, cross-effects of a policy change in toothbrush seem to affect toothpaste sales more than the other way around in the case of Brand 2, whereas the magnitudes of cross-effects as a percentage of own-effects are fairly similar across the two categories for Brand 1. Therefore, it would be important for brand managers to know how specific cross-effects work across categories for their brands.
Although it was not the focus of this article, we also estimated and found evidence for several within-and crosscategory correlations in response coefficients. First, we Iound that marketing-mix sensitivities are generally positively correlated within a category. We also found that depending on the brand in question, some consumers who like certain brands may be more or less price sensitive than the average consumer. These results indicate that in these two categories, there are segments that, overall, are marketing-mix sensitive, as well as segments that are marketing-mix insensitive. Second, the finding that consumers' marketing-mix sensitivities tend to be correlated across categories suggests that there is a strong individualspecific component to marketing-mix sensitivity.
There are a few avenues for further research. We showed evidence for both utility mean-and utility variance-shifting effects of advertising and use experience, and the the variance effects indicate evidence for the uncertainty-reducing role that advertising and use experience play across categories for umbrella brands. The processes by which these spillover effects occur are worth exploring in more detail. However, as discussed by Keane (1997a) , because of identification issues that arise with respect to models estimated on panel data, it is often not feasible to differentiate among all possible behavioral processes using scanner panel data. Survey or experimental data would be needed to provide a detailed account of all the underlying behavioral processes.
